Numerous studies across a wide range of taxa have demonstrated that immune genes are routinely among the most rapidly evolving genes in the genome. This observation, however, does not address what proportion of immune genes undergo strong selection during adaptation to novel environments. Here, we determine the extent of very recent divergence in genes with immune function across five populations of Drosophila melanogaster and find that immune genes do not show an overall trend of recent rapid adaptation. Our population-based approach uses a set of carefully matched control genes to account for the effects of demography and local recombination rate, allowing us to identify whether specific immune functions are putative targets of strong selection. We find evidence that viral defense genes are rapidly evolving in Drosophila at multiple time scales. Local adaptation to bacteria and fungi is less extreme and primarily occurs through changes in recognition and effector genes rather than large-scale changes to the regulation of the immune response. Surprisingly, genes in the Toll pathway, which show a high rate of adaptive substitutions between the D. melanogaster and D. simulans lineages, show little population differentiation. Quantifying the flies for resistance to a generalist Gram-positive bacterial pathogen, we found that this genetic pattern of low population differentiation was recapitulated at the phenotypic level. In sum, our results highlight the complexity of immune evolution and suggest that Drosophila immune genes do not follow a uniform trajectory of strong directional selection as flies encounter new environments. 
ABSTRACT
Numerous studies across a wide range of taxa have demonstrated that immune genes are routinely among the most rapidly evolving genes in the genome. This observation, however, does not address what proportion of immune genes undergo strong selection during adaptation to novel environments. Here, we determine the extent of very recent divergence in genes with immune function across five populations of Drosophila melanogaster and find that immune genes do not show an overall trend of recent rapid adaptation. Our population-based approach uses a set of carefully matched control genes to account for the effects of demography and local recombination rate, allowing us to identify whether specific immune functions are putative targets of strong selection. We find evidence that viral defense genes are rapidly evolving in Drosophila at multiple time scales. Local adaptation to bacteria and fungi is less extreme and primarily occurs through changes in recognition and effector genes rather than large-scale changes to the regulation of the immune response. Surprisingly, genes in the Toll pathway, which show a high rate of adaptive substitutions between the D. melanogaster and D. simulans lineages, show little population differentiation. Quantifying the flies for resistance to a generalist Gram-positive bacterial pathogen, we found that this genetic pattern of low population differentiation was recapitulated at the phenotypic level. In sum, our results highlight the complexity of immune evolution and suggest that Drosophila immune genes do not follow a uniform trajectory of strong directional selection as flies encounter new environments.
INTRODUCTION
A current challenge in evolutionary biology is to understand the genetic changes that drive local phenotypic adaptation (Hereford 2009; Stapley et al. 2010; Stephan 2016) . In recent years, numerous studies have addressed this challenge by examining genome-wide changes in allele frequencies across clines or between populations (Turner et al. 2008; Stapley et al. 2010; Lamichhaney et al. 2012; Pespeni et al. 2012; Hubner et al. 2013) . In limited instances, such genome-wide patterns could even be connected back to specific phenotypic traits or environmental variables, greatly increasing our understanding of the genetic processes underlying phenotypic evolution Jones et al. 2012; Jeong and Di Rienzo 2014) . While analytic approaches differ, these studies often rely on the detection of outlier loci that display patterns of high population differentiation or other extreme signatures of local selection. Such approaches are particularly adept at detecting single loci that have experienced strong selective sweeps.
Immune genes are often evolutionary outliers in such studies, displaying fast rates of evolution and high population differentiation across multiple taxa including humans (Fumagalli et al. 2011; Daub et al. 2013; Quintana-Murci and Clark 2013) , Daphnia (Mctaggart et al. 2012) , mosquitoes (Waterhouse et al. 2007; Crawford et al. 2010) , and bees (Chavez-Galarza et al. 2013; Erler et al. 2014) . Across Drosophila species, immune genes are known to evolve faster than the genome average (Sackton et al. 2007) , and on shorter time scales, both genome-wide studies and studies of individual genes have highlighted examples of immune genes displaying unusually high population differentiation across D. melanogaster populations (Juneja and Lazzaro 2010; Fabian et al. 2012a; Hubner et al. 2013) . Similarly, clinal studies have identified numerous immune genes as displaying high levels of population differentiation (Kolaczkowski et al. 2011b; Fabian et al. 2012b) .
These studies highlight the major role pathogens play in shaping the evolution of their hosts. But, while such observations suggest that certain Drosophila immune genes may be subject to unusually strong, spatially variable selection, they provide only a partial picture of how immunity, as an integrated complex phenotypic trait, is evolving. "Immune competence" is in reality a suite of phenotypes that are impacted not only by pathogen pressures but also by environmental factors and genotype-by-environment interactions Mckean et al. 2008; Lazzaro and Little 2009; Howick and Lazzaro 2014) . While their resistance to similar types of pathogens may be weakly correlated (Lazzaro et al. 2006) , flies show no evidence of cross-resistance to distinct pathogen classes (Kraaijeveld et al. 2012) . Similarly, resistance is often decoupled from tolerance, highlighting the numerous physiological processes that influence host fitness (Ayres et al. 2008; Ayres and Schneider 2009) . Further complicating the process of adaptation, trade-offs involving immune defense and other key life history traits are documented (Kraaijeveld et al. 2001; Mckean et al. 2008; Ye et al. 2009 ), as are behavioral traits that lie outside the canonical immune system (Kacsoh et al. 2013; Babin et al. 2014) . Such factors may lead to a scenario where populations experience broad shifts in immune regulation as they confront different optimal immune strategies in different environments. For such a complex trait, local adaptation may occur through a process of polygenic selection, where multiple variants experience weak selection leading to small allele frequency changes (Pritchard and Di Rienzo 2010; Turchin et al. 2012) . Still, the literature contains numerous examples of single alleles that carry strong phenotypic effects against specific pathogens (Magwire et al. 2011; Sironi et al. 2015) .
Here, we seek to determine the extent and routes of recent D. melanogaster immune adaptation. As populations adapt to novel environments do they experience large-scale changes across immune genes, or alternatively, is immune adaptation driven by a subset of rapidly evolving genes? Do we find changes across all immune processes or does a limited number of pathogen types drive adaptation? To answer these questions, we undertake a comprehensive analysis of immune gene diversity and divergence across five populations of D. melanogaster. We compare known immune genes with genomic controls matched for size, genome location, and local recombination rate-factors known to affect patterns of polymorphism and the efficacy of selection (Larracuente et al. 2008; Comeron et al. 2012; Castellano et al. 2016) . With this approach, we identify not only putative single-gene targets of local selection but also examine whether entire pathways and gene classes show evidence of heightened selection. In addition, we compare patterns of interspecific divergence in Drosophila immunity genes with patterns of population-level differentiation and find both similarities and differences between the results of these two different analyses.
MATERIALS AND METHODS
Gene and fly line selection: Through literature searches, we assembled a list of 361 genes with well-supported immune function, many of which have appeared in previous largescale studies (Sackton et al. 2007; Obbard et al. 2009 ). When possible, we assigned each gene to the immune pathway(s) or process(es) in which it functions ( Figure 1 ; Table 1 ). In the humoral response-regulated by the Toll and IMD pathways-pattern recognition receptors bind common bacterial and fungal membrane components, triggering the downstream production of anti-microbial peptides (AMPs) and other microbicidal compounds. The cellular response coordinates the activities of specialized hemocytes such as phagocytes, which engulf foreign particles or necrotic cells, as well as lamellocytes and crystal cells that participate in defense against parasitic wasps through the encapsulation and melanization of the deposited eggs. Finally, antiviral defense largely operates through RNA-interference (RNAi) but also involves the JAK-STAT and Toll pathways. Members of the JNK pathway, together with other genes, contribute to various aspects of immune tolerance and resistance by mediating tissue repair and wound closure. Categories were not mutually exclusive and some were nested within larger umbrella categories (for instance, all Toll and IMD genes were also included in the humoral class.) We also assigned a functional class to each gene. These included the broad categories of recognition receptor (identification of pathogens and parasites), signaling molecule (signal transduction), and effector protein (pathogen destruction). When applicable, we used more specific functional assignments (e.g., phagocytosis receptor, anti-microbial peptide). The full list of genes, as well as their pathway and functional class assignments can be found in the Table S1 of the Supplementary Materials.
For each immune gene, we identified four control, protein-coding genes that were matched for size, genome location and local recombination rate. For size and position, we required that control genes had a total length (including introns) within either 1,500 bp of or 0.5-2x the total immune gene length, and we preferentially chose genes located within 50 kb of the immune gene. Using the Drosophila melanogaster Recombination Rate Calculator v 2.3 (FistonLavier et al. 2010), we obtained the estimated local recombination rate of each immune gene and required that control gene recombination rates be within 1 cM/Mb of this value. The overall correlation between immune gene recombination rate and the mean control genes' recombination rates was high, even at low levels of recombination (R 2 = 0.9997, Supplementary Figure S1 ). We additionally checked the genes using the more fine-scale recombination estimates of Comeron et al. (2012) . As their estimates cover a wider range than the Recombination Rate Calculator, the correlation between immune and control genes was weaker (R 2 = 0.9443, Supplementary Figure  S2 ), but we ensured that all control gene recombination rates were still within 2.5 cM/Mb of the immune gene rate. If immune genes were found near the boundaries of known segregating inversions, we ensured that the matched controls were similarly within or outside of the inversion. In the event that more than four control genes fulfilled these requirements for a particular immune gene, we randomly chose four. Because of the restrictions, 15 immune genes had fewer than four controls in the final data set.
We had no way of guaranteeing that the control genes have no immune function. In particular, location matching carries this risk as genes of similar function-including immune function-often cluster in the genome. To minimize this risk, we excluded from the initial control pool 595 genes that had weak evidence of immune involvement (for example, moderate expression changes in large-scale immunity screens or homology with known immune gene families). We performed no further filtering on the control set. For example, we did not exclude genes that are known to be rapidly evolving.
We obtained information on nucleotide polymorphism within these genes for each member of the D. melanogaster Global Diversity Lines. These are a set of 84 inbred lines from five populations (15 from Beijing, China; 19 from Ithaca, NY; 19 from the Netherlands; 18 from Tasmania; and 13 from Zimbabwe) that have been sequenced to an average depth of 12x (Grenier et al. 2015) . We masked genomic regions with poor "callability" (as defined in Grenier et al. 2015) to ensure that our analyses excluded genomic regions with large amounts of missing data. Using the Ensembl database Variant Effect Predictor script (BDGP 5.25 assembly, release 64), we annotated the putative effect of each SNP within our genes of interest (nonsynonymous coding, synonymous coding, intronic, splice site, 3'UTR, and 5' UTR).
Analysis of D. melanogaster-D. simulans divergence:
Using FlyBase (v. FB2013_06) we determined which of our genes had known one-to-one orthologs in D. simulans. We then downloaded all transcripts for each gene from FlyBase and performed codon-based alignments for all D. melanogaster-D. simulans pairs using PRANK (Loytynoja and Goldman 2005) . For each transcript pair, we used custom Perl scripts to count nonsynonymous and four-fold degenerate substitutions using the Nei-Gojobori method (Nei and Gojobori 1986) and to calculate the length of the aligned regions after removing all gaps. For each gene, we then identified the transcript pair with the longest aligned region and the fewest number of nonsynonymous substitutions. We introduced this second, more conservative criterion to reduce the likelihood of spuriously aligning paralogous transcripts for immune genes that show a high level of alternative splicing. The values and the D n /D s values calculated using the longest transcripts were highly correlated (immune genes R 2 =0.93; control genes R 2 =0.97), and our approach did exclude a few incorrect immune gene alignments whose errors were easily detected on visual inspection (Supplementary Figure S3) . We used these transcripts to represent the gene in all downstream analyses.
Incorporating polymorphism data from the ancestral Zimbabwe population, we used DFE-alpha v. 2.13 (Eyre-Walker and Keightley 2009) to determine the proportion of adaptive substitutions (α) and the relative rate of adaptive substitutions (ω a ) within each pathway or functional class. Both statistics were calculated relative to substitutions at four-fold degenerate sites. In brief, this method uses a maximum likelihood method to infer the distribution of fitness effects of new mutations from the folded site frequency spectrum. We ran DFE-alpha using a two epoch model, allowing variable mutation effect sizes and variable shape parameters for the gamma distribution. Gene classes with fewer than 10 genes were excluded from the analysis.
Population genetic analyses:
Using custom Perl scripts, we calculated derived allele frequency, pairwise nucleotide diversity (π), pairwise F ST , and global F ST for each SNP. These same statistics, as well as Watterson's θ, Tajima's D, K ST , Hudson's S nn , and normalized Fay and Wu's H (Zeng et al. 2006) , were calculated at the gene level (scripts available upon request). Although inbred, all fly lines retained at least some residual heterozygosity. When a fly line was heterozygous for a given site, we randomly sampled a single allele to use in all analyses. In all calculations, we used only biallelic SNPs. For all calculations, we required that there was a base call for at least eight lines in any given population and accounted for missing data by adjusting the sample size at each SNP. We calculated F ST at each SNP according to Weir and Cockerham (1984) . The numerator and denominator were averaged separately across regions to calculate F ST for transcripts. Negative F ST estimates were declared to be zero.
Analyzing gene classes using genomic controls: Evolutionary rate at a given gene can be influenced by factors in the local genetic environment like recombination rate or selection on nearby alleles. To control for these factors, we leveraged genetic data from our set of matched control genes to more conservatively assess the probability of selection within specific gene classes. We determined whether the genes in a given pathway or functional class deviated, as a set, from control expectations by conducting a paired Wilcoxon signed-rank test that compared the statistic for each immune gene within the class to the mean of its four control genes' statistics. This test therefore relied only on the relative, not absolute, values of the immune and control statistics and determined whether there was a directional trend in the immune genes relative to the controls. Overall, this made the test less sensitive to genome-wide outliers and more sensitive to local variation. The test was conducted for our major test statistics: π, Fay and Wu's H, Tajima's D, and F ST . Due to our small sample sizes, we determined significance through 100,000 permutations. For each permutation round, we randomly chose one of the four control genes to serve as the "test" gene and averaged the statistics from the remaining three controls and the immune gene. When genes had no polymorphism in a given population, they were dropped from the permutation round. As a result the maximum V-statistic varied among permutations and so we used the resulting p-values to construct our null distribution.
We accounted for multiple testing at the level of the statistic (π, Fay and Wu's H, Tajima's D, and F ST ) correcting for multiple testing across multiple gene process groups (n=13, with RNAi) or gene functional groups (n=8). To do this, we set a p-value threshold at the 0.19% tails. As many of our groups are non-independent and their significance values are expected to correlate, we did not attempt to identify p-values that reached study-wide significance. All statistical analyses were carried out in R (R Development Core Team 2011).
Systemic bacterial infections:
Using a septic pinprick through the thoracic cuticle, we infected male flies (3-5 days old) with the bacterial pathogen Enterococcus faecalis (Lazzaro et al. 2004) . Bacterial cultures had been grown at 37°C overnight to an OD 600 of 1.0 (±0.06). Flies were reared and maintained on standard glucose-yeast media at 25°C with 12 hour light-dark cycles. Infections occurred in the 1-4 hours after the flies' "dawn". After 28 (±1) hours, we homogenized pools of 3 flies and plated the homogenate onto LB agar plates using a Spiral Biotech Autoplate 4000. We counted the number of colonies that grew on each plate with a QCount Colony Counter to infer the number of colony forming units (CFUs) per infected fly. Infections were carried out in a block structure, with each fly line infected on four different days.
To assess whether population of origin had a significant effect on bacterial load, we constructed a linear model with infector, experimental day, and experimental block as random effects. The residuals were used to calculate the mean and median for each fly line. We then conducted an ANOVA with both the line means and medians to determine whether there was a population of origin effect. All statistical analysis were carried out in R (R Development Core Team 2011).
Data availability:
Supplementary Tables S1 and S2 list the names and coordinates of the immune and control genes and transcripts used in the analysis. Sequence data from the Global Diversity Lines are available on the NCBI Sequence Read Archive as BioProject PRJNA268111.
RESULTS

Construction and annotation of gene sets:
The D. melanogaster immune system encompasses a network of interacting pathways that regulate diverse immune functions (reviewed in Ferrandon et al. 2007) . By searching databases and the D. melanogaster literature, we assembled a list of 361 genes with well-supported immune roles and categorized each gene according to 12 immune pathways or processes and three functional classes as outlined in Table 1 . Categories were not mutually exclusive and some genes were assigned to multiple categories. While our list is expanded and updated, it maintains substantial overlap with previous large-scale studies of Drosophila immune genes (Sackton et al. 2007; Obbard et al. 2009 ). Grenier et al. 2015) . We discarded three genes that had less than 25% sequence coverage within these lines, leaving us with a final study set of 358 immune genes. For each gene, we chose four control genes that were matched for size, location, and recombination rate. In the case of 15 immune genes, we were unable to identify four adequate control genes, leaving us with a final set of 1402 control genes. Sequence data for each control gene was similarly acquired for each of the 84 fly lines. In total, we identified 129,083 SNPs, 21,519 of which were in coding regions (6, 193 were nonsynonymous while 15,326 were synonymous; Supplementary Figure S4 .)
Patterns of D. melanogaster-D. simulans divergence differ among gene classes:
Within our full set of genes, there were 1,208 control genes and 280 immune genes with one-toone orthologs in D. simulans. For each of these genes, we calculated nucleotide divergence at nonsynonymous and four-fold degenerate sites. Combining these values with polymorphism data from the ancestral Zimbabwe population, we then estimated the proportion of adaptive substitutions (α) and the relative rate of adaptive substitutions (ω a ) for each gene class (EyreWalker and Keightley 2009). The absolute values we obtained for α and ω a are given in Supplementary Table S3 . We acknowledge that the values we obtained for these statistics are relatively high compared to some other studies (but see Schneider et al. 2011) . Our aim, however, is not to present an absolute measure of adaptation, but rather compare the relative α and ω a values of our various groups. A. B.
Consistent with previous cross-species comparisons (Sackton et al. 2007; Obbard et al. 2009 ), we found that there is apparent heterogeneity in patterns of adaptive substitution across immune gene classes (Figure 2) . The Toll pathway, cellular defense genes, encapsulation genes, wound-repair genes, and genes involved in melanization and phenoloxidase (PO) production showed a significantly elevated α relative to the control estimate, consistent with a role of natural selection driving a high proportion of adaptive amino acid changing substitutions. Contrary to this, genes involved in humoral defense and phagocytosis had low proportions of adaptive substitutions relative to the control set (Figure 2a) . The estimated α for viral response genes was not elevated, a result that may appear surprising given that viral response genes, and in particular genes involved in RNAi, are among the fastest evolving genes across the Drosophila phylogeny (Obbard et al. 2006; Obbard et al. 2009; Kolaczkowski et al. 2011a) . These genes, however, did have a markedly higher rate of adaptive substitution (ω a ) relative to control estimates ( Figure  2b ). When considered together, these values of α and ω a suggest that viral response genes have fixed adaptive mutations at a high rate (high ω a ), but during this process have also accrued a substantial number of substitutions that do not carry a fitness advantage (non-significant α). In addition, ω a was significantly elevated in IMD and Toll genes. Consistent with previous observations (Obbard et al. 2009 ), the effector class of AMPs showed little evidence of adaptive evolution at the nucleotide level (Supplementary Table S3 ). (Weir and Cockerham 1984) for each gene. The general population genetic patterns of both control and immune genes conformed to genome-wide observations made within these lines (Grenier et al. 2015) . For both sets of genes, nucleotide diversity and F ST between population pairs reflected known demographic patterns in D. melanogaster, which arose in sub-Saharan Africa, spread into Europe and Asia 10,000 years ago, and finally reached Australia and North America from Europe in the last 200 years (Figure 3 ; David and Capy 1988; Thornton and Andolfatto 2006; Keller 2007; Laurent et al. 2011 ). In the non-African populations, genes on the X chromosome harbored less nucleotide diversity at coding sites than genes on the four major autosomes (both π and θ w , Mann-Whitney U test, P < 0.001 for all control and immune comparisons). This is the expected pattern of polymorphism recovery following a founding event. For the Zimbabwe flies, there was no significant difference between nucleotide diversity on the X and autosomes.
General patterns of polymorphism and
We next compared large-scale polymorphism patterns within immune and control genes. Taken as a whole, immune genes did not display elevated population differentiation in any of the pairwise or global F ST comparisons at nonsynonymous sites (Figure 3 ; Wilcoxon signed-rank test, P > 0.05). When comparing chromosomes individually, we did find differences between the groups, but there was no consistent trend and none of the p-values survived multiple-test correction.
Only two immune processes show evidence of augmented population differentiation: Since general patterns of evolution are comparable across all immune and control genes, we next investigated whether adaptation was elevated in certain immune processes or functions. To do so, we divided genes into two types of groups: (1) immune process or pathway and (2) functional class (Table 1) . Classifying genes by immune process allowed us to determine whether certain pathogen classes exert unusually strong spatially variable selection on immune genes in flies. Since the innate immune response is somewhat compartmentalized, this would lead to signatures of selection being enriched within specific gene classes (Figure 1 ). For instance, observing high signatures of selection within the IMD pathway would suggest that Gram-negative bacteria display global variation in abundance or virulence, leading to differential selection pressures across populations. In addition, we analyzed genes grouped by functional class, a description of the gene's position or function within a pathway. Past work has found that species-level rates of evolution differ among Drosophila genes based on their functional classification as recognition receptors, signaling molecules, or effector proteins (Sackton et al. 2007 ). This method of grouping allowed us to determine whether genetic adaptation was concentrated in particular locations throughout immune pathways.
We compared each immune gene class to its set of genomic control genes that were carefully matched for size, position, and local recombination rate. This approach partially controlled for potential evolutionary confounders that can influence the signatures of evolution observed across genomes. We compared each immune group to the mean of its relevant control group with a Wilcoxon signed-rank test and determined the significance of these comparisons through permutations. All statistics that fell within the 2.5% and 0.19% (equivalent to a significance level of 0.05 after Bonferroni correction) tails of the permuted null distributions are listed in Table 2 and Table S6 .
Viral defense and phagocytosis are the only immune processes showing signs of rapid population differentiation. Consistent with past studies, we found evidence of directional selection and high population differentiation within viral defense genes-and in particular RNAi genes. At a significance level corrected for multiple testing, two population pairs showed high F ST for viral defense (Zimbabwe-Ithaca and Zimbabwe-Tasmania) and RNAi (Netherlands- Tasmania and Zimbabwe-Ithaca). For both gene groups, the tests for heightened F ST between Zimbabwe and all derived populations fell in the 2.5% tail. In addition, values of Fay and Wu's H were significantly lower than the background for RNAi genes in Beijing and Zimbabwe, suggestive of higher levels of directional selection on derived alleles in these genes. Genes involved in phagocytosis also showed evidence of unusually high population differentiation. In fact, the signal we observed for phagocytosis genes was even stronger than that seen for viral defense: global F ST (Figure 4 ) as well as three pairwise F ST comparisons were significantly elevated compared to controls. As discussed below, however, this pattern was driven by recognition receptor genes. When we limited the analysis to phagocytosis genes without receptor function, we detected no deviations from background patterns. The larger class of cellular response genes (of which phagocytosis genes are a subset) also showed significantly higher F ST between a single population pair: the Netherlands and Ithaca. Immune genes (red) were categorized according to (A) immune process or (B) functional class and then matched with four control genes (blue) based on chromosomal location, gene length, and local recombination rate. When compared with a Wilcoxon signed-rank test, only phagocytosis genes displayed a significant difference between the two groups after multiple-testing correction (α<=0.05).
Rapid population differentiation is not a universal mark of immune gene classes. The only additional statistically significant F ST comparison was lower-not higher-than the control expectation. This was the pairwise F ST between the Netherlands and Zimbabwe for Toll genes. While this population pair was the only one to survive multiple-testing correction, it was not an anomaly among Toll gene comparisons. Tests for low F ST fell within the 2.5% tail for four additional population pairs (Beijing-Tasmania, Netherlands-Tasmania, Zimbabwe-Ithaca, and Zimbabwe-Tasmania).
Signatures of adaptation differ across functional classes. Analyzing genes based on their functional class showed that recognition receptors are highly diverse and differentiated across populations. Recognition molecules had elevated nucleotide diversity relative to controls in all five populations and higher than background F ST in three pairwise comparisons. When tested individually, both subclasses of recognition receptors (phagocytosis and humoral) also showed strong evidence of high polymorphism and population divergence. Effector proteins only showed significantly elevated polymorphism in a single population (Tasmania) despite having a mean level of polymorphism that is higher than that of recognition genes. This somewhat counterintuitive observation is a result of our genomic control approach, which accounted for recombination rate, gene location, and gene size. In other words, effector molecules display patterns of polymorphism and divergence that are largely consistent with other small genes (mean transcript length = 792 nt), whereas recognition genes are unusual among the transcripts within their longer length class (mean transcript length = 1465 nt). In contrast to recognition and effector molecules, which function at the ends of their pathways, internal signaling molecules trended towards lower nucleotide diversity in all populations, although none of these tests were significant after multiple-testing correction.
It is worth noting that other genetic processes may contribute to the adaptation of effector molecules and recognition receptors. Both classes encompass large gene family groups, and effector gene families, in particular, are known to expand and contract at an unusually rapid pace (Sackton et al. 2007) . Our focus on single nucleotide variants does not reflect this source of genetic novelty, and we note that these fly lines do contain two segregating duplications in the drosomycin family, a group of anti-fungal AMPs (Cardoso-Moreira et al. 2016) .
Populations display similar levels of resistance to a generalist bacterial pathogen: In our gene class analysis, we found a trend toward lower than expected population differentiation in the canonical genes of the Toll pathway, which is the primary response pathway to fungal and Gram-negative bacterial infections. We were next interested in testing how the flies compared phenotypically. To do so, we infected the 84 lines with the generalist Gram-positive bacterial pathogen, Enterococcus faecalis. We chose to use a generalist pathogen in order to detect general, large-scale changes in immune response and regulation. This type of phenotypic difference might result from geographic variation in environmental factors like temperature rather than adaptations to specific population-specific pathogens. Questions of how populations are adapting to Drosophila-specific and geographically variable pathogens will need to be addressed once we gain a better understanding of the identity and geographic distribution of Drosophila pathogens.
Individually, the 84 lines showed significant variation in bacterial load 28 hours after infection ( Figure 5 ; ANOVA, df = 83, F = 1.7, P = 6.9 x 10 -5 ). This result shows that flies harbor extensive variation in immune resistance. On a population level, however, we detected no significant difference in bacterial load (ANOVA, df = 4, F = 1.11, P = 0.36). This relative phenotypic homogeneity across populations, contrasts with the population-level variation observed in a number of other phenotypes assayed in these same lines including lipid content (Scheitz et al. 2013) , metabolic regulation (Greenberg et al. 2011) , and transposable element defense (Lu et al., unpublished) . Bacterial load is, of course, only one metric of immune competence (Ayres and Schneider 2009; Howick and Lazzaro 2014 ) and we only measured responses under a single environmental condition . Nevertheless-and especially when coupled with our genetic analysis-these results suggest that global fly populations have not undergone widespread changes in their magnitude of response to generalist bacterial infection. Immune genes with high population differentiation: Both our genetic and phenotypic analyses suggest that D. melanogaster populations do not vary widely in basic immune processes outside of viral defense and phagocytosis. Still, the populations may have experienced more limited-perhaps pathogen-specific-adaptations in a small number of genes. We therefore identified the individual genes showing signatures most consistent with local adaptation. Because we were primarily interested in identifying changes that are most likely to carry phenotypic effects, we continued to focus on statistics calculated at nonsynonymous sites. It is important to note, therefore, that a number of genes' statistics were calculated with data from a very small
Relative Bacterial Load number of SNPs. For comparison, statistics calculated across the entire coding region are available in Table S4 . Table 3 lists the 20 immune genes that showed the highest degree of global population differentiation at nonsynonymous sites as measured by F ST . Demonstrating that these patterns of population differentiation are robust to different sampling schemes, population structure within several of these genes has been previously discussed in the literature. These include Tak1 (Yukilevich et al. 2010) , lectin-24A (Keebaugh and Schlenke 2012) , and CHKov1 (Aminetzach et al. 2005; Magwire et al. 2011) . Naturally segregating haplotypes of CHKov1 (Magwire et al. 2011) and Dpt are even known to possess differential efficacy against certain viruses and bacterial strains, respectively. To our knowledge, natural variation in the remaining genes in Table 3 has not been discussed in the literature, and so these genes may represent novel candidate loci of local adaptation.
Previously, Maruki et al. (2012) demonstrated that loci experiencing higher purifying selection show lower levels of population differentiation. This can be a confounding factor in outlier approaches such as ours, biasing results toward genes experiencing relaxed selective constraint. We, too, find a positive correlation within our immune genes between global F ST at nonsynonymous sites and nonsynonymous divergence between D. melanogaster and D. simulans (Spearman's rho = 0.236, P =0.0001, Figure 6 ). The pattern in two genes-Eph and lectin-24A-is consistent with a model of relaxed constraint as they are outliers for both global nonsynonymous F ST and D n . Importantly, however, these are the only two high F ST genes that are outliers for both statistics suggesting that alleles within the other genes may not experience relaxed constraint.
For ten of the outlier genes in Table 3 , the high global F ST is largely driven by differences between the ancestral Zimbabwe population and the other four derived populations. This pattern is consistent with D. melanogaster's known demographic history, and so might be attributed to neutral forces. To further assess these genes' validity as selection candidates we therefore included other statistics like nucleotide diversity and Fay and Wu's H, which specifically considers changes in the derived allele frequency (Table 3) . Interestingly, two of the outlier genes (lectin-24A and Adgf-A) have low values of H that fall within the bottom 5% of African haplotypes. This suggests that the differences in population allele frequencies are partially attributed to recent changes in Africa and not solely the result of an out-of-Africa bottleneck. There are also instances where a single derived population largely drives the global signature of population differentiation. For instance, the patterns of pairwise F ST , reduced π, and low H suggest that LysP and Vps33B may have experienced directional selection in the Netherlands before the recent colonization of North America and Australia. 538 -0.572 -3.446 -3.677 -3.655 0.494 0.610 0.590 281 -8.288 -5.975 -7.584 -3.864 Table 3 are marked in red.
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DISCUSSION
The results in this study demonstrate that rapid adaptation is the exception, not the rule, among immune genes in D. melanogaster. As has been previously demonstrated (Obbard et al. 2006; Obbard et al. 2009 ) genes involved in viral defense-and in particular the RNAi portion of this process-display signs of elevated selection. Our analysis of other pathways, however, shows that the extent of this adaptive signature is unusual, not only genome-wide but also in comparison to other immune processes. Indeed, several immune processes even showed unexpectedly low levels of population differentiation that were nominally significant when compared to the genetic background. In addition, instead of occurring through small changes in numerous genes throughout a pathway-the polygenic selection model-most local immune adaptation appears to progress through allele frequency changes in a few genes at the periphery that are likely to interact directly with pathogens. This suggests that abiotic factors in the flies' environment may not be major drivers of local immune adaptation at the amino acid level.
Across all populations, recognition genes showed high amino acid diversity and signs of heightened population differentiation. While we have not shown that this variation drives changes in pathogen recognition, previous lines of evidence suggest that the variation in recognition receptors does carry phenotypic effects. First, this observation is in line with theoretical predictions that recognition molecules serve as the main locus of host-pathogen coevolution (Nuismer and Dybdahl 2016) and with observations in mice that upstream initiation genes are more likely to undergo positive selection (Casals et al. 2011; Webb et al. 2015) . Second, past quantitative genetic studies in Drosophila have suggested that natural variation in immune resistance is largely driven by polymorphisms in recognition and, to a lesser extent, signaling genes (Lazzaro et al. 2006; Sackton et al. 2010) . This implies that D. melanogaster recognition genes carry a substantial level of functional standing variation. Selection could act on this standing variation in a population-specific manner leading to differentiation across populations. Alternatively, recognition genes, like effector genes , may experience balancing selection, and the resulting asynchronous fluctuations across populations could heighten the population differentiation measured in our samples.
Balancing selection and temporal fluctuations in allele frequencies might also play a role in one of the more intriguing results from this analysis: the discordance between the species level and population level analyses of adaptation. Phagocytosis genes and recognition receptors showed no evidence of elevated rates of adaptation in the divergence data, but showed heightened levels of population differentiation. These gene classes maintain a large number of polymorphic sites (Supplementary Figures S2 and S3) , a common hallmark of balancing selection, which would drive down values of α and ω a . Conversely, we found that both the Toll and IMD pathways showed elevated rates of adaptive substitution, but Toll genes trended toward lower levels of population differentiation. The full reason for this incongruity across different time scales remains an open question (Messer et al. 2016) , but one likely factor is that our analyses are static snapshots of dynamic processes. Our population samples captured a single time point that provides no information on the known temporal fluctuations that occur in wild populations (Bergland et al. 2014) . Similarly, species divergence data focus on fixed differences, an endpoint that is largely blind to the trajectory alleles took on their way to fixation. Anti-viral genes are perhaps the only class where directional selection is sufficiently strong to create robust signatures of positive selection in the genome on both time scales. Further research on the interactions between the Drosophila host and its pathogens, the variability in pathogen distributions, and the temporal dynamics of immune processes will greatly extend our understanding of these evolutionary patterns.
Looking to studies performed in other organisms, we see that our results are not without precedent. In a lab-based study with the insect Tribolium castaneum, Berenos et al. (2011) demonstrated that evolution in the presence of parasites counteracted the effects of drift, leading to higher levels of allelic diversity within populations and lower levels of differentiation between populations. Although more diverged and in possession of an adaptive immune response, humans also show patterns in their innate immune genes that are similar to what we find here: while numerous single genes show signs of directional selection, innate immune genes have globally experienced stronger purifying selection than non-immune genes (Mukherjee et al. 2009; Deschamps et al. 2016) . Together, these results highlight that immune evolution is more complex than the outlier scenarios that garner the greatest attention in the literature. To fully understand immune adaptation, it will therefore be key to not only search out the points of rapid divergence, but also consider what drives-or allows for-the maintenance of low genetic variability across diverse environments. This more inclusive view of immune evolution will no doubt yield increased insight into the process of adaptation in this key ecological trait. Figure S1 . Plot of each immune gene's center recombination rate versus the mean of the control genes' center recombination rates as calculated with the Recombination Rate Calculator v 2.3 (Fiston-Lavier et al. 2010) . Figure S2 . Plot of each immune gene's center recombination rate versus the mean control genes' center recombination rates as calculated by Comeron et al. (2012) . Figure S4 . Site frequency spectra for SNPs found within immune genes. Figure S5 . Plot of non-synonymous polymorphism (P n ) versus non-synonymous D. melanogaster-D. simulans divergence (D n ) by immune gene class. Figure S6 . Plot of non-synonymous to four-fold degenerate site polymorphism (P n /P ffd ) versus non-synonymous to four-fold degenerate site divergence (D n /D ffd ) by immune gene class. Figure S7 . Plot of each immune gene's global F ST versus the mean global F ST of its four control genes. Table S1 . List of immune genes used in analysis. Gene coordinates are from FlyBase release FB2013_06 .  Table S2 . List of control genes used in analysis. Gene coordinates are from FlyBase release FB2013_06. Table S3 . The proportion of adaptive substitutions (α) and the relative rate of adaptive substitutions (ω a ) for each gene class as calculated with DFE-alpha (Eyre-Walker and Keightley 2009). Table S4 . Population genetic parameters calculated across all coding sites of immune genes. Table S5 . Population genetic parameters calculated across nonsynonymous coding sites of immune genes. Table S6 . Summary of results from the Wilcoxon sum-rank tests between immune genes and their genomic controls at nonsynonymous sites.
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